Municipal solid waste (MSW) management presents an important challenge for all countries. In order to exploit them as a source of energy, a knowledge of their calorific value is essential. In fact, it can be experimentally measured by an oxygen bomb calorimeter. This process is, however, expensive. In this light, the purpose of this paper was to develop empirical models for the prediction of MSW higher heating value (HHV) from ultimate analysis. Two methods were used: multiple regression analysis and genetic programming formalism. Both techniques gave good results. Genetic programming, however, provides more accuracy compared to published works in terms of a great correlation coefficient (CC) and a low root mean square error (RMSE).
Introduction
The municipal solid waste rate is continuously increasing due to rapid urban population growth and technological developments. The collection and elimination of municipal solid waste (MSW) causes serious environmental problems, however, which makes its management one of the critical challenges facing the world (Nordi et al., 2017) . In this context, waste-to-energy (WTE) by thermochemical processes appears to be a promising solution (Cucchiella et al., 2016; Shi et al., 2016) . Also, in light of their diversity and heterogeneity, a knowledge of the composition of wastes is essential. In fact, there are three types of composition determination: physical, proximate and ultimate analyses (Cheng and Hu, 2010) . Physical characterisation classified MSWs as degradable components derived from biomass, such as food, wood, cotton, paper, cardboard, etc.; or non-degradable ones from fossil fuels, such as plastics, rubber, etc. (Cheng and Hu, 2010) . Proximate analysis involves the determination of the percentage of moisture, fixed carbon, volatile matter and ash. Ultimate analysis informs about the amount of carbon (C), hydrogen (H), nitrogen (N), sulphur (S) and oxygen (O) . Also, thermal characteristics such as heating value, in particular the higher heating value (HHV), are a key factor for the design of WTE plants (Kalogirou, 2017) . Experimental determination is, however, expensive (Estiati et al., 2016) . Consequently, research has focused on the development of empirical models to estimate the calorific value from the fundamental composition.
In general, HHV models for estimation from elemental composition have been developed for specific materials as coal and biomass. The history of these models has been reported by VargasMoreno et al. (2012) . Channiwala and Parikh (2002) elaborated upon a common formula adequate for all kinds of fuels. Some studies have, however, indicated the validity of these correlations for MSWs. For instance, Kathiravale et al. (2003) have mentioned modifications of Dulong's formula and Steueuer models.
Among the principal formulas for the prediction of municipal solid wastes' HHV, there are a number of works derived from thermochemical concepts. Wilson's correlation (Wilson, 1972) was based on the types of carbon present (organic and inorganic Municipal solid waste higher heating value prediction from ultimate analysis using multiple regression and genetic programming techniques carbon), the heating values of carbon and sulphur and water formation. Meraz et al. (2003) neglected inorganic carbon in their model, which makes it less reliable in the case of an important concentration. Shi et al. (2016) exploited 193 experimental data for the development and validation of a new equation. They employed multiple regression analysis as a method of modeling.
Generally, these models were based on classical regression, except for Meraz et al. (2003) , who used thermochemical concepts, at the expense of computational intelligence method such as genetic programming formalism. In fact, this latter type is able to solve problems using evolutionary strategies (Oliveira et al., 2018) .
Also, MSW is a heterogeneous mixture of materials. As a result, HHV prediction based on a single type of waste seems difficult and cannot be generalised for all categories.
This paper proposes a new equation for the estimation of HHV based on the elemental composition of several municipal solid waste categories using multiple regression analysis and genetic programming formalism. The accuracy of the computational model developed was evaluated against the developed regression model and the previously published literature.
Materials and methods

Experimental data
In this research, the ultimate data for 187 MSWs with their HHVs were collected from our previous study and published works (see Appendix 1). Some studies have, without explanation, just considered C, H, N, S and O content as constituents of the ultimate composition, while others have introduced ash (Shi et al., 2016) . To have a homogeneous database, the following condition was adopted: (%O % %C %H %N %S = − + + + 100 ( ) . The basic characterisation data are presented in Table 1. According to the large variety of municipal solid wastes (plastics, rubber, paper, food, etc.), Table 1 shows that the percentage of carbon, hydrogen, nitrogen, sulphur and oxygen ranged from 0.72-92.00%, 0.08-14.20%, 0.00-10.00%, 0.00-4.08% and 0.00-98.83%, respectively, when the combustion enthalpy varied from 0.39-47.06 MJ kg −1 .
On the other hand, the concentrations of carbon, hydrogen and oxygen are useful for the prediction of heating value (Saidur et al., 2011) . The highest carbon and hydrogen levels were observed in plastics and rubber wastes with an average of 71.9% and 9.2%, respectively, while the largest amount of oxygen was recorded in a solid waste incinerator with a rate of 65.5%.
In this work, 75% of the database was randomly used to develop the models, and the remaining 25% was devoted to validating them.
Multiple regression
Regression analysis is a statistical method to determine the relationship between a dependent variable Y i(1⩽i⩽n) and one or more independent ones X j(1⩽j⩽m) (Singh et al., 2016) . The governing equation between the response and the explanatory variables can be described as
where m is the number of independent variables in each observation, n is the number of dependent variables, a j(1⩽j⩽m) are the regression coefficients and b is a constant coefficient, called the correction factor.
Genetic programming
Genetic programming is an automatic technique inspired by the mechanism of natural selection as established by Charles Darwin. It aims to find programs that are best suited to a given task without imposing a response in advance (Shankar et al., 2015) . This study was interested in symbolic regression as one of the main genetic programming applications. Its objective is to fit a function to a multiple input-single output (MISO) dataset determined as (Ghugare and Tambe, 2016)
where the MISO dataset contains n number of patterns. Each pattern i gathers a single output Y i(1⩽i⩽n) and m number of inputs X j(1⩽j⩽m) where a k(1⩽k⩽p) refers to the function parameters. Symbolic regression is based on the following algorithm.
1. Random population generation of candidate solutions (mathematical expressions/models). They are coded as a tree structure. This structure possesses two types of nodes: an operator that determines a mathematical function such as addition, subtraction, multiplication, division, etc. and an operand that can be an input variable X j or a function parameter a k . In other words, this step consists of developing explanatory equations for the relationship between the HHV and one or more elements of the ultimate composition (C, H, N, etc.) . In fact, each equation is different, and its performance will be analysed in the following steps. 2. Fitness evaluation of each candidate solution (assessment of the adequacy of the program to the problem to be solved). 3. Application of crossover, mutation techniques (Figure 1 ) in order to create a new population. This process corresponds to code exchanges between two candidate solutions. 4. Selection of the individuals that are best adapted to the problem. 5. Repetition of steps 2, 3, 4 until convergence of the program to the pre-specified task.
For more details concerning the genetic programming algorithm, readers are requested to refer to Mitchell (1996) .
Based on the fact that oxygen content was calculated by balance, only carbon, hydrogen, nitrogen and sulphur were used for the development of HHV prediction models.
Results and discussion
In multiple regression, the first step consists of examining the relationship between the dependent variable HHV and each of the explanatory variables (Figure 2) .
According to the ultimate composition, the HHV changed following two cadences: an ascending rhythm with the variation of carbon and hydrogen percentages and a descending aspect with the nitrogen and sulphur rates. To learn more about this relationship, R and P matrixes were used ( Table 2 ). The R matrix regroups the values of the correlation coefficients. As long as R was close to the absolute value of 1, the correlation was more significant, while the P matrix calculates the probability of having a link between two variables. Only values below 0.05 imply the existence of a meaningful relationship (García et al., 2014) .
R and P matrixes between the HHV of municipal solid wastes and the ultimate analysis components were defined as a positive dependence in the case of carbon (0.8852; 0.0000) and hydrogen (0.8349; 0.0000). Nevertheless, nitrogen and sulphur had a small influence, with low correlation coefficient values of −0.0724 and −0.0111, respectively, and P values superior to 0.05. This outcome confirmed the scatter plot results. Thus, it can be concluded that HHV can be described as a function of C or H or both, as reported in Equations (3)-(5)
After calculation, Equations (3)-(5) become Equations (6)-(8).
The HHV (MJ kg −1 ) can be expressed by
HHV H = × − 3 1451 0 8268 . . 
Concerning genetic programming, it was established using Eureqa software. It consisted in first to collect data and homogenise them by eliminating outliers, then to specify the target expression and the operators. According to this technique, HHV can be defined as 
To confirm the accuracy of regression (Equations (6)- (8)) and genetic programming (Equation (9)) models, two statistical parameters were taken into consideration, namely the correlation coefficient (CC) and the root mean square error or root mean square deviation (RMSE) (Ghugare and Tambe 
CC quantifies the strength of the relationship between two variables. It is included in the range [−1; 1]. A value close to 0 implies the absence of any link. If it is near to −1 or 1, however, a strong negative or positive, respectively, relationship exists. A lower value of RMSE implies the adjacency of the model. The performance of the developed models is summarised in Table 3 . Depending on the multiple regression model, the correlation coefficient presented satisfactory values, varying from 0.8349-0.8897 and 0.7707-0.9459, with an acceptable root mean square error ranging from 4.7084-5.6760 and 4.3251-7.4827 in the training and validation modes, respectively. Thus, the most efficient equations were manifested in Equation (8) in development and Equation (6) in testing, which allowed the estimation of HHV value from the percentage of carbon, oxygen and hydrogen with the highest CC and the lowest RMSE. Nonetheless, even if this technique gave good results, genetic programming presented a better performing model with a higher CC: (0.9375; 0.9698) and a lower RMSE: (3.6391; 2.8649). For this reason, the final proposed model is illustrated in Equation (9).
To ensure the validity of the developed genetic programming model, its statistical parameters were compared to the models of Shi et al. (2016) (Equation (12)) and Kathiravale et al. (2003) (Equation (13)) as illustrated in Figure 3 . 's (2016) model, however, gave an acceptable reliability in terms of a CC (0.8881; 0.9438) and an RMSE of (5.0675; 3.6563). Furthermore, the suggested model (Equation (9)) fitted with the highest correlation coefficient (0.9375; 0.9698) and the lowest RMSE (3.6391; 2.8649). For further comparison, the predicted HHV was plotted as a function of the measured one (Figure 4 ). Parity plots of the estimated calorific value versus the experimental results had the same appearance in development and testing modes. They showed three different cases. In fact, Kathiravale et al.'s (2003) model limited the HHV between 19 and 28 MJ kg −1 , whereas, based on the MSW variety, this latter can range from low values (≈0.38 MJ kg −1 ) to high ones (≈47.06 MJ kg −1 ). This proved the inability of this model to make a prediction for these types of heterogeneous materials. Regarding Shi et al.'s (2016) equation, the estimated and measured calorific values are almost in agreement except for low values (<10 MJ kg −1 ). Therefore, it can be concluded that the model was more adequate in regions above 10 MJ kg −1 , but presented an important deviation for those regions below. For the proposed genetic programming model, the experimental HHV fitted well with the estimated one. It allowed satisfactory results (measured HHV ≈ predicted HHV). This can be justified by its statistical performance with the highest correlation coefficient and the smallest error.
Conclusions
This work investigated the prediction of HHV for MSW from the ultimate composition. Two methods were used: multiple regression and genetic programming.
Multiple regression was used to evaluated the impacts of carbon, hydrogen, oxygen, sulphur and nitrogen on the heat of combustion. Then, according to the found outcome, seven mathematical equations were developed. Based on correlation coefficient and root mean square error values, just two were selected (Equations (6) and (8)). Those equations were compared to the genetic programming model. It was found that genetic programming gave more statistical efficiency than multiple regression. Finally, the adopted genetic programming equation was discussed in comparison to Kathiravale et al.'s (2003) and Shi et al.'s (2016) studies. The proposed model proved its performance with the highest correlation coefficient (R = (0.9375; 0.9698)) and the smallest error (RMSE = (3.6391; 2.8649)), and gave satisfactory results for the estimation of HHV (predicted HHV ≈ measured HHV). 
References
